Abstract We introduce a novel method for an automatic classification of subjects to those with or without neuromuscular disorders. This method is based on multiscale entropy of recorded surface electromyograms (sEMGs) and support vector classification. The method was evaluated on a single-channel experimental sEMGs recorded from biceps brachii muscle of nine healthy subjects, nine subjects with muscular and nine subjects with neuronal disorders, at 10%, 30%, 50%, 70% and 100% of maximal voluntary contraction force. Leave-one-out cross-validation was performed, deploying binary (healthy/patient) and three-class classification (healthy/myopathic/neuropathic). In the case of binary classification, subjects were distinguished with 81.5% accuracy (77.8% sensitivity at 83.3% specificity). At three-class classification, the accuracy decreased to 70.4% (myopathies were recognized with a sensitivity of 55.6% at specificity 88.9%, neuropathies with a sensitivity of 66.7% at specificity 83.3%). The proposed method is suitable for fast and non-invasive discrimination of healthy and neuromuscular patient groups, but it fails to recognize the type of pathology.
Introduction
Neuromuscular disorders are related to pathological changes in the structure of motor units (MU) and can be roughly divided into muscular (myopathies) and neuronal disorders (neuropathies). In muscular disorders, single muscle fibres are successively lost during the progress of the disease [1] . Other typical symptoms are increased fibre diameter variation, fibrosis, perifasicular atrophy and focal muscle-fibre necrosis [34] . In neuronal disorders, the neuronal part of the MU is affected and all the muscle fibres belonging to the affected MU can no longer be excited (denervation) [7] . In some cases reinnervation also occurs, where the nerve terminals belonging to the most adjacent muscle fibres reinnervate denervated muscle fibres, resulting in an enlargement of the remaining MUs [34] .
Changes in the structure of the MU affect its electrical activity, therefore intramuscular electromyogram (iEMG) is commonly used diagnostic tool in clinical practice [1, 2, 8, 11, 16, 17] . Recently, attempts to use surface electromyogram (sEMG) have also been made [7, 9, 13-15, 22, 23, 30, 37] . However, pathological EMG patterns that are known in iEMG cannot be directly addressed by their sEMG counterparts [7, 10, 31] . For example, measuring an insertional activity of the needle and spontaneous activity occurring at the single fibre level can only be performed by iEMG [40] . On the other hand, although the activity of individual MUs can be recorded with both iEMG and sEMG, muscle fibre conduction velocity (MFCV) can generally be measured from sEMG only.
Various sEMG techniques have been studied for the diagnosis of neuromuscular disorders, including conventional bipolar sEMG [13, 22] , linear electrode array [15] and matrix electrode array (high-density sEMG) [9, 10, 14, 30, 32] . The model for simulation of pathological changes in sEMG was introduced in [7] . The most investigated sEMG parameters include MFCV [33, 38, 39] , MU size [9, 32] , frequency spectra [13, 15] , sEMG amplitude [9, 22] and sEMG entropy [7, 14] . However, although some studies have demonstrated feasibility of the detection of neuromuscular diseases from sEMG [9, 14, 30] , the reported classification accuracy typically ranges from 70% to 80%. For this reason, surface EMG is not widely accepted as a valid diagnostic tool in neuromuscular diagnostics.
The separately reported successes of the frequencybased classification of neuromuscular disorders [13] and entropy-based feature extraction [4, 18, 20] inspired us to develop a combined classification approach. However, instead of the commonly used frequency transform of sEMG, we resorted to time-scale representation [12, 26, 27, 35, 36] . Although it has already been applied to various electrophysiological signals for diagnosis of different pathologies, such as Parkinson's disease [5] , cerebral palsy [21] and lower back pain [28] , it has never been combined with the entropy measures to investigate the amplitude distributions at different dyadic scales.
In our approach, the entropy-based feature extraction was used. The rationale for this is that entropy is a natural measure of differences in the sEMG amplitude distributions, which depend directly on neuromuscular condition. Therefore, entropy can detect changes in sEMG distribution due to pathology.
The rest of the paper is organized as follows: Sect. 2 describes materials and methods, including experimental setup and our novel multiscale entropy approach. In Sect. 3, the experimental results are presented, followed by a discussion in Sect. 4.
Materials and methods

Subjects
Twenty-seven subjects participated in the experiment: nine healthy volunteers (six males, three females), aged (mean ± std. deviation) 53.7 ± 13.7 years; nine patients with muscular (seven males, two females), aged 52.8 ± 6.3 years; and nine patients with neuronal disorders (four males, five females), aged 50.6 ± 14.9 years. An attempt was made to keep the groups equal with respect to age and gender, but no true matching procedure was applied.
The group of healthy volunteers consisted of subjects that have never been diagnosed with neuromuscular disease before and reported no significant neuromuscular disorders. In both groups of neuromuscular patients, the disease was diagnosed by an experienced neurologist prior to the measurement session. In the group of neuronal patients, six subjects had severe problems with arms. The affection of other three patients was not so severe, as their main problem was muscle weakness. Four out of nine myopathic patients were affected severely; three of them were recovering from a severe myopathy, whereas two of them had been suffering from the myopathy for a longer period.
Experimental set-up
Surface EMG of dominant biceps brachii (BB) muscle was acquired by a four-bar silver electrode with an interelectrode distance of 10 mm and a bar width of 1 mm (Dispositivi Elettronici Medicali, Italy) and amplified by the Nicolet Viking IV, two-channel EMG amplifier unit with the 20-500 Hz bandwidth (12 dB/octave). The recording system was connected to a specially designed force measurement system, which was placed at the foot end of the bed and was designed for monitoring the different contraction levels. Contraction forces were displayed in a real time on an oscilloscope as a graphical feedback to the subject. The force measurement strap, placed around the wrist of the subject, was connected to the system through a custom-made force transducer. A personal computer was connected to the EMG unit for storing raw sEMG, digitized by a 12-bit Analogue-to-Digital (A/D) converter (National Instruments) with the sampling frequency of 1 kHz.
Experimental protocol
Subjects laid on the bed, face up, with their dominant arm placed along the body and elbow abducted at 90°(180°c orresponds to full elbow extension). Special care was taken to reduce the co-activation of other muscles. Thus, it was ensured that the dominant arm was not lifted from the bed or moved away from the body [29] .
Before the electrode placement, the length of the BB muscle was measured with the elbow abducted at 90°and the skin was cleaned with alcohol. Conductive paste was applied on the electrodes and the electrode array was placed over the BB, with the second electrode (in proximal-distal direction) at a distance equal to 1/3 of the total BB length. This arrangement ensured that all four electrodes were between the innervation zone and the tendon.
The ground electrode was placed on the dominant wrist and four surface electrodes were connected in a single differential configuration (SD), so two channels were recorded per each session (1st channel: electrodes 1 and 2, 2nd channel: electrodes 3 and 4).
First, each subject performed 5-s long maximum voluntary contraction (MVC) three times with 2 min of rest in between. A target contraction level of the average MVC was marked on the oscilloscope. After 2 min of rest the subject contracted the BB muscle up to the target contraction level displayed on the oscilloscope. Once the exerted force stabilized, 5 s of the sEMG were recorded, followed by 2 min of rest. The same procedure was repeated twice for each contraction level. Then, the target level was changed to 70%, 50%, 30% and 10% of MVC and the process was repeated.
Feature extraction using multiscale entropy
The recorded signals were visually inspected for the presence of artefacts, such as inadequate skin-electrode contacts, excessive noise, non-existence of MU action potentials (MUAPs), etc. In a limited number of pathology cases, one out of two recorded channels had to be discarded. Thus, for consistency reasons, better of the two channels recorded per subject was chosen for further analysis also in the cases with two good sEMG channels. Frequency spectrum of each signal was also inspected and the power line interference (50 Hz and its higher harmonics) was suppressed using an off-line spectral interpolation [25] . Examples of preprocessed signals are depicted in Fig. 1 .
Preprocessed signals were transformed into time-scale representation using continuous wavelet transform (CWT) [35] . Denote the sEMG by s(t) and the mother wavelet by w(t). The transformed sEMG at a scale a [ 0 and translation b was obtained as:
where " wðtÞ is the complex conjugate of the mother wavelet w(t), b = 0, …, N -1 stands for its translation in time, and N is the length of s(t) (in samples). In our experiment, the Haar wavelet was empirically chosen. Besides the Haar wavelet, we experimented also with other types of mother wavelets, such as Daubechies, Morlet and Mexican hat. of sEMG time-scale representation for healthy subject at 50% MVC is depicted in Fig. 2 .
Next, the Shannon entropy of the transformed sEMG S w (a,b) was computed at each dyadic scale and over all possible translations b = 0, …, N -1: Fig. 1 Time (left) and frequency (right) representation of sEMG of (i) healthy subject, (ii) myopathic patient and (iii) neuropathic patient at all five contraction levels studied; y-axis labels amplitudes and contraction levels, while x-axis labels time and frequency, respectively. Power spectrum is normalized by its maximal value over all the contraction levels where H a stands for the entropy at scale a, and S w (a,b) is considered a realization of a discrete ergodic random process, occupying the value s i with probability
The values of S w (a,b) were partitioned into M partitions (M = 1000) of maximal peak-to-peak amplitude interval over all the contraction levels per subject, and the probability P(S w (a, b) = s i ) was determined by the number of samples in each partition. Because the range of entropic values depends on the number of partitions, the choice of the interval partitioning is decisive. When comparing the entropy of different signals, the interval should be fixed for all signals. In case of fixed interval, the entropy depends on the amplitude and distribution of the signal. But sEMG amplitude depends on various factors and it varies among individual subjects. It has been reported that absolute comparisons of sEMG amplitude are not appropriate [6] and that sEMG amplitude should be normalized with respect to the reference contraction of a subject [19] . Thus, to compensate for intersubject variability of sEMG amplitude, the interval was partitioned for each subject individually, but fixed for all contraction levels of one subject. In this way we achieved that entropy is a measure for the sparsity of the sEMG and less dependant on indeterminacies caused by sEMG amplitude. Besides the approach where interval is partitioned for each subject separately, we tried also fixed interval for all subjects. Although on our dataset there were no significant differences between two different types of partitioning on the performance of the method, we decided to support the compensation of sEMG amplitude in our manuscript. The result of the described feature extraction technique was a vector of 40 entropies per subject (8 scales by 5 contraction levels).
Classification
C-Support vector classification (C-SVC) [3] , implemented in LIBSVM package, 1 was used for the classification of extracted 40- 
was chosen as a kernel because it non-linearly maps instances into a higher dimensional space and can, therefore, handle the non-linear relation between class labels and attributes. The parameters c = 2 -4 and C = 2 10 were defined empirically. Finally, the decision function was defined as:
C-SVC was initially developed for binary classification problems, but can be generalized to multi-class problems by using the 'one-against-one' approach. This approach constructs k(k -1)/2 classifiers, where k is the number of classes. Each classifier is trained using data from two classes and voting strategy is used afterwards to find the winning class [3] .
In our experiments, two datasets were created, one for the binary classification (healthy/patient) and the other for the three-class classification (healthy/myopathic/neuropathic). Each subject in the dataset was represented by a 40-dimensional vector of entropies and a class label. For testing purposes, each dataset was divided into 26 training and 1 testing subjects (the leave-one-out cross-validation technique). This procedure was then repeated 26-times, so that each subject was once used in the testing set. In each iteration, Eq. 3 was applied to train the classifier while the testing subject was classified according to Eq. 4. Finally, the classification accuracy, defined as the number of correctly classified versus the number of all subjects was computed. Fig. 2 Time-scale representation of a sEMG of healthy subject at 50% MVC transformed by Haar wavelet to 8 dyadic scales. x-axis labels time, left y-axis scale of the wavelet transform, while entropy scored at each scale is reported on the right-hand side of the plot. For example H 2 = 6.6 means that entropy of the transformed sEMG at the scale 2 is 6.6
3 Results
Classification of multiscale entropy
Mean values of the extracted multiscale entropies for healthy and patient groups for all scales and contraction levels are depicted in Fig. 3 . ANOVA with Tukey's honestly significant difference test was used to test for significant differences between both groups. Considering only individual combinations of contraction level and scale, the differences in mean entropies of healthy and patient groups were insignificant. But when considering all contraction levels and all scales together, mean entropy in patient group was significantly lower than the mean entropy in healthy group (P \ 0.01).
Deploying leave-one-out cross-validation on a dataset with a total of 27 subjects, classification accuracy was 81.5% (77.8% sensitivity, 83.3% specificity) for binary and 70.4% for three-class classification (myopathic disorders were recognized with a sensitivity of 55.6% at specificity 88.9%, neuropathic disorders with a sensitivity of 66.7% at specificity 83.3%). Figure 4 shows the receiver operating characteristic (ROC) of binary classification, illuminating the classification's trade-off between the true positive rate (the number of true positives divided by the number of all subjects), and the false positive rate (the number of false positives divided by the number of all subjects). In threeclass classification the greatest problem was caused by the similarities of myopathic and neuropathic groups: three out of nine neuropathic and four out of nine myopathic patients were misclassified, whereas eight out of nine healthy subjects were classified correctly.
3.2 An effect of mother wavelet, scales and contraction levels on classification accuracy contraction levels, the best classification accuracy was achieved at higher contraction levels (77.8% at 50% MVC, 74.1% at 70% MVC and 77.8% at 100% MVC), whereas significant drop of performance was observed when using low contraction levels (65% for 10% and 30% MVC). The best classification accuracy (81.5%) was achieved by combining all five contraction levels together, justifying the need for inclusion of the entire contraction range tested. We also investigated the effect of inclusion/exclusion of different wavelet scales on the classification accuracy. Again, binary classification with Haar wavelet was performed, but this time only the entropies of a single scale at a time were taken into account for all five contraction levels. In addition, the complete leave-one-scale-out test was performed, ignoring one out of eight tested scales at a time. No significant difference in classification accuracy was observed among different scales, whereas the best classification results where obtained when all the eight dyadic scales tested were included.
In order to justify the need for the multiscale entropy, we reclassified the signals by limiting the feature extraction stage to the entropy of raw sEMG only (without CWT). Mean values of extracted entropies are listed in Table 2 . The classification accuracy decreased for 7.4% (from 81.5 to 74.1%) for binary classification, and for 7.5% (from 70.4% to 62.9%) for three-class classification, justifying the additional computational costs due to CWT analysis.
Discussion
A novel approach for an automatic classification of neuromuscular disorders has been developed, based on the multiscale entropy of sEMG. Surface EMG signal was first transformed to multiple scales by CWT. Entropy of transformed signals was used to reduce the complexity of feature space and classification was performed using obtained feature vectors.
Entropy depends on the amplitude distribution and measures the level of randomness on a predefined amplitude interval. Generally speaking, the closer the amplitude distribution to the uniform distribution on a predefined interval, the higher the entropy. This knowledge can be used to interpret the results of sEMG multiscale entropy, which, in healthy subjects, depends on at least three different parameters: the level of muscle contraction, wavelet scale and the distance between the active MU and the pickup electrodes. Low contraction forces demand less MUAP triggering, which means sparser sEMG signals and, thus, lower entropy. By increasing contraction forces, number of activated MUs increases and the sEMG amplitudes distribute more normally over the amplitude range; therefore the entropy computes higher (Fig. 3) . The entropy changes also with the wavelet scale; in our experiments it gradually increased up to the scale 8 (corresponding to pseudo-frequency of 124 Hz) at all force levels, and decreased with higher scales (Fig. 2) . This is due to the progressive lowpass filtering of wavelet transform, because at higher scales, signals are smoother.
The entropy also depends on the density of sEMG interference pattern. According to the models of pathological iEMG [11] and sEMG [7] , sEMG of healthy subjects should score the highest entropy, because the sEMG amplitudes are distributed more normally across the predefined range than in the presence of pathology. In myopathy muscle fibres in MUs are progressively lost. Consequently, when compared to healthy condition, the maximum amplitude of sEMG peaks is decreased [7] . Therefore, sEMG amplitude distribution is concentrated closer around zero, and entropy is lower than in case of healthy subjects, especially at high contraction forces. Besides fibre loss, the MFCV variability is increased in myopathy, with significant decrease in MFCV reported in severe cases [11, 14, and references therein] . Because entropy increases with MFCV, myopathic sEMG should score lower entropy than normal sEMG. In neuropathy, MUs are denervated and sEMG shows isolated peaks with little activity between two adjacent peaks [7] , i.e. sEMG pattern becomes sparser. This results in decreased entropy. Another physiological change in neuropathy is reinnervation with common consequence, such as increased MUAP amplitude because of increased number of fibres in the enlarged MUs [32, 34] . Increase of MUAP amplitude reflects in wider sEMG amplitude distribution and, hence, increased entropy. But the increase in entropy due to reinnervation is smaller than its decrease due to denervation, because all denervated MU cannot become reinnervated [34] . Consequently, neuropathic sEMG should score lower entropy in comparison to normal.
Since the entropy is decreased in both pathologies, it is impossible for our method to differentiate between pathologies, because the differences are insignificant. When compared to surface electrodes, iEMG electrodes are more selective and enable sampling from nearby muscle fibres. Hence, iEMG signals are always relatively sparse and distinction between myopathy and neuropathy is typically based on MUAP shapes [2, 16, 17] . But also in iEMG there are features that are not capable of making the distinction between neuropathy and myopathy, such as MFCV [11, 38] and fibrillation potentials [11] .
Our experimental findings agree very well with these theoretical assumptions; entropy of healthy group was always the highest, followed by myopathic and neuropathic groups (Table 2) . Furthermore, except for the lowest contraction forces tested (10% and 30% MVC), the entropy of neuropathic sEMG was lower than the entropy of myopathic sEMG. On the other hand, the differences in the multiscale entropy between myopathic and neuropathic groups were insignificant and the results of our three-class classification are not so promising, especially the sensitivities to myopathic (55.6%) and neuropathic (66.7%) conditions. This limitation is common to all existing sEMG techniques and can currently be surpassed only by the means of iEMG.
The results of our method are comparable to other similar sEMG-based studies. For example, Kaplanis et al. [15] reported classification approach based on five sEMG parameters: turns and zero crossings per second, median frequency, total power per second and bispectrum peak amplitude and the k-nearest neighbour classifier and demonstrated separation of healthy/patient groups with a success rate of 69%, Güler and Koçer [13] combined sEMG spectral analysis with PCA and reported the accuracy of 85%. Huppertz et al. [14] used the following parameters: MFCV, dwell time over root mean square, autocorrelation function, and chi-value, derived from high-density sEMG, and reported the classification accuracy of 81%. Slightly higher accuracy rates were demonstrated by techniques for classification of iEMG [2, 8, 16, 17, 27] . These techniques mainly consist of an automatic MUAP detection followed by the iEMG decomposition, and classification of the decomposed MUAPs. Katsis et al., for example, reported success rate of 86% [16] and 89% [17] , Christodoulou and Pattichis 97% [2] , and Pattichis and Pattichis 82% [27] . In all these cases, success rates decrease significantly when discrimination of neuropathic and myopathic patients is attempted.
The accuracy of our binary classification scored 81.5%. Although inferior to the classification rates of advanced iEMG techniques, the achieved classification accuracy was comparable to other published sEMG-based approaches [13] [14] [15] . Furthermore, its simplicity and low computational complexity make it an appealing candidate for non-invasive identification of neuromuscular disorders in patients, who do not tolerate the needles (e.g., children, professional athletes, etc.) or for long-term and repetitive monitoring of neuromuscular disorders. Only the use of sEMG for the classification of neuromuscular patients was discussed so far. Besides sEMG, the force profiles could also be used for classification. Muscle weakness is typical for neuromuscular disorders. Because of the loss of muscle fibres (muscular disorders) or the loss of entire MUs (neuronal disorders) the neuromuscular patients are expected to reach lower maximal forces comparing to healthy subjects, however, generated forces depend on the severity of disease, gender, age and are subject to significant inter-subject variability. They should be compared very carefully.
Several limitations of our method should be mentioned. First, with only one muscle investigated per subject, the extent of myopathic/neuropathic changes is difficult to access. The method detects the differences in amplitude distributions that can vary also between subjects in the same group, depending on the stage of the disease, muscle strength and thickness of subcutaneous tissue. Although these factors can degrade the classification results, no significant differences in classification between the patients, recovering from the disease and the patients suffering from a severe disease were found in this study, as some members of both groups were misclassified. Finally, in this study, the number of sEMG channels was limited to one. Thus, the positioning of electrodes between tendon compliance and motor end-point became critical, requiring a skilled operator for sEMG acquisition. However, the method can easily be extended to high-density sEMG [10, 24, 30] , replacing the manual electrode positioning step with automated post-selection of a few high quality sEMG channels.
In conclusion, our method is suitable for fast and noninvasive discrimination of healthy and neuromuscular patient groups, but fails to recognize the type of pathology itself. Nevertheless, a simple experimental protocol (only one pair of bipolar signals and relatively short acquisition time) and a low-computational complexity make our approach attractive tool for non-invasive diagnosis and assessment of the neuromuscular disease, especially when the use of the needles is either not recommended or not possible.
